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ABSTRACT
Continuingprogressin theautomatictranscription

of broadcastspeechvia speechrecognitionhasraised
the possibilityof applyinginformationretrieval tech-
niquesto the resulting(errorful) text. In this paper
we describea generalmethodologybasedon Hid-
denMarkov Modelsandclassicallanguagemodeling
techniquesfor automaticallyinferring story bound-
aries(segmentation) andfor retrieving storiesrelating
to a specifictopic (tracking). We will presentin de-
tail thefeaturesandperformanceof theSegmentation
andTrackingsystemssubmittedby DragonSystems
for the1998TopicDetectionandTrackingevaluation.

1. INTRODUCTION

Overthelastfew yearsDragon,likeanumberof other
researchsites,hasbeendeveloping a speechrecog-
nition systemcapableof automaticallytranscribing
broadcastspeech. With the recentadvancesin this
technology, anew sourceis becomingavailablefor in-
formationmining, in theform of a continuousstream
of errorful, unsegmentedtext. Applying standardin-
formationprocessingtechniquesto this data,suchas
topictracking,requiresthatthistext first besegmented
into topicallyhomogeneousblocks.Unlikenewswire,
typical automaticallytranscribedaudiodatacontains
no information(otherthanpausesin theaudio)about
how thestreamshouldbedividedup.

In [1], we introduceda new approachto text seg-
mentationand topic tracking, one basedon Hidden
Markov Models(HMMs) andclassicallanguagemod-
eling. In thatpaperweappliedthemethodto segment
text from the Topic Detectionand Tracking (TDT)
Pilot Study corpus, made up of Reutersnewswire
andmanuallytranscribedCNN news stories. In [2],
we discussedsegmentationresultson a subsetof the
TDT2 corpus,aswell astrackingresultsonbothman-
ually andautomaticallysegmentedtext. Herewe dis-
cussrecentimprovementsto both the segmenterand
the tracker, andpresentresultsfrom the 1998TDT2
evaluation.

The experimentsdescribedhereon segmentation
andtopic trackingwerecarriedout on theTDT2 cor-
pusandevaluatedfollowing theproceduressetout in

theTDT EvaluationPlan. Both areavailablethrough
theLinguistic DataConsortium(LDC) at theUniver-
sity of Pennsylvania.

This paperis organizedasfollows. Detailsof the
TDT2 corpusaregivenin Section2. Thesegmenteris
describedin Section3, andthetracker in Section4. In
Section5 we describea largenumberof experiments,
many doneas part of the 1998 TDT evaluationand
many othersascontrasts.

2. THE TDT2 CORPUS

TheDARPA TopicDetectionandTrackingprogramis
concernedwith the developmentof informationpro-
cessingtechnologythat can appliedto large streams
of data,suchasnewswireandbroadcastnews. To fa-
cilitate researchon the TDT tasks,the TDT2 corpus
hasbeencreated.Thiscorpusconsistsof about60,000
newsstoriesfrom newswire,television,andradio,col-
lectedby theLinguistic DataConsortium(LDC) over
the periodJanuary1998 throughJune1998. A fea-
tureof thiscorpus,key to thetrackingresearch,is that
eachstoryhasbeenlabeledwith a binarydecisionas
to its relevanceto eachof 100 topics. Trackingjudg-
mentscan thereforebe directly comparedto human
judgments.

The newswire componentof the corpuswascol-
lectedfrom theAssociatedPressWorldstream(APW)
and the New York TimesNews Service(NYT). The
broadcastportion includesentireshows from the Ca-
ble News Network (CNN), American Broadcasting
Company (ABC), Public Radio International(PRI),
andVoiceof America(VOA). Thebroadcasts(approx-
imately 800 hours) were transcribedboth automati-
cally andin closed-caption,theautomaticversiongen-
eratedusinga modificationof Dragon’s 1997Hub-4
recognizer[3].

3. THE SEGMENTER

3.1. Overview

Our approachto the problem of segmentationis to
treata storyasan instanceof someunderlyingtopic,
andto modelanunbrokentext streamasanunlabeled



sequenceof thesetopics. In this model,finding story
boundariesis equivalent to finding topic transitions.
Justasin speechrecognition,this situationis subject
to analysisusingclassicHMM techniques,in which
the hiddenstatesare topicsand the observationsare
wordsor sentences.

Specifically, we build a network whereeachnode
correspondsto a unigramlanguagemodel and sen-
tence/utteranceof text, andfind thebestpaththrough
this network. The scoreof eachnodeis the scoreof
its sentencein its languagemodel. Thereis a penalty
for topic-topictransitionsbetweennodes.A searchfor
the besthypothesisand correspondingsegmentation
can be doneusing standardHMM techniques.This
segmentationdoesprovide a label for eachsegment,
namelythe topic to which thatsegmentwasassigned
in the best path, but the label may not have much
meaningto a human.

3.2. Constructing the Topic Language Models

The topic languagemodelsused by the segmenter
were built from the newswire and the automatically
transcribedbroadcastsfrom the January–AprilTDT2
data. This totaled about 15 million words spread
acrossabout 48,000 stories of averagelength 310
words, thoughthe averagelength varied from a low
of 129 for CNN, to a high of 850 for the New York
Times. A globalunigrammodelconsistingof 60,000
wordswasbuilt from thisdata.

Topic clusterswereconstructedby automatically
clusteringthestoriesin thetrainingdata.Thiscluster-
ing was doneusing a multi-pass

�
-meansalgorithm

describedin [1]. In order to prevent very common
wordsandpunctuationsymbolsfrom dominatingthe
computation,we introduceda stoplist containing112
entries.Thesewordsdid notparticipatein thecompu-
tationof thedistancemeasure.Removing thesewords
from thevocabularymeantthatapproximatelyhalf the
wordsin thetext streamwerenotscored.

A topic languagemodelwasbuilt from eachclus-
ter. We choseto model each topic using unigram
statisticsonly. Theseunigrammodelsweresmoothed
versionsof the raw unigrammodelsgeneratedfrom
theclusters.Smoothingeachmodelconsistedof per-
forming absolutediscountingfollowedby backoff [4]
to theglobal unigrammodel; in otherwords,a small
fixed count (about .5) was subtractedfrom the non-
zeroraw frequencies,andtheliberatedcountswerere-
distributedto therestof thewordsin themodelin pro-
portion to the global unigramdistribution built from
thetrainingdata.Theraw clusterunigramswerequite
sparse,typically containingoccurrencesof only 6,000
distinctwordsfrom the training list of 60,000words.
Wordson thestoplist wereremovedfrom themodels.

We will frequentlyrefer to thesetopic language
modelsasbackground topics or background models.
Notethatthesemodelscouldhavebeenbuilt from any
newssources— theideais for theclustersto represent

all of Englishnewsdiscourse— andnotbesourcede-
pendent.

3.3. The Switch Penalty

If one assumesthat the topic transitionprobabilities
are independentof the topics, the transitionscan be
modeledwith a single number, the switch penalty,
whichis imposedwheneverthetopicchangesbetween
segments.This is theonly adjustableparameterin our
systemexcept the searchbeamwidth, which wasset
largeenoughto eliminatesearcherrors.

Theswitchpenaltycontrolsthenumberof bound-
ariesthatareoutputby thesystem.It dependson the
broadcastsourceandthegranularityof thebackground
models,andshouldberobustto slightperturbationsof
the models. The actualtuning wasaccomplishedby
training a systemwith

�
topicson all excepta small

held-outsetof data,tuningtheswitchpenaltyon this
held-outset,andusingthis switchpenaltyfor models
with

�
topicsbuilt onall of theallowabletrainingdata.

Theswitchpenaltyis theonly parameterdepend-
ing on the broadcastsource,and as such the back-
groundtopicmodelscanbeusedonany sourceaslong
astheaveragedocumentlengthis known.

4. THE TRACKER

4.1. Overview

In the Trackingtask (a variationof the filtering task
in informationretrieval), a systemis suppliedwith a
few examplesof storieson a particulartopic of inter-
est and is expectedto automaticallyfind subsequent
examplesin thestream.Specifically, asystemis given
astrainingmaterialthefirst ��� examplesin theevalu-
ationcorpusof storieson a particulartopic (the topic
training stories), plusall off-topic storiesin theeval-
uationcorpusprior to the last training example(off-
topic training stories), plusall storiesprior to theeval-
uationcorpus(background data), andasked to return
judgmentsonall remainingevaluationstories.

In this paperwe will describethesecondincarna-
tion of atrackingsystemwhichusesstandardlanguage
modelingtechniques(in particular, unigramstatistics)
to measuredocumentsimilarity. As in our earlier
work [1, 2], this systemis basedon a simpleclassi-
fier:� Scoreanincomingstoryagainstatopicunigram

languagemodelbuilt from thetopictrainingsto-
ries� Scorethestoryagainstadiscriminatorlanguage
modelbuilt from thebackgrounddata� Outputthedifferencebetweenthesescoresasa
relevancevalue,or thresholdthis differenceto
generateadecision



Oneof thekey waysin which this systemis different
from its earlierincarnationsis in the way we smooth
the extremelysparsetopic unigrammodelsthat arise
from thetopic trainingstories.We have improvedthe
targetingprocedureandintroduceda variationon lin-
eardiscountingthathassignificantlyimprovedperfor-
mance.

Thenatureof theTDT2corpusmakesit likely that,
for any givenevaluationtopic,thedatafrom whichwe
build our multiple discriminators(the TDT2 training
anddevelopmentsets,or January–April1998data)is
“contaminated”with on-topicmaterial. For this rea-
sonwe arenow careful to filter suchmaterialin the
constructionof thediscriminatormodels.In addition,
oneof thesemodelsis now targetedspecificallyto the
trackedtopicto betterdiscriminateon-topicandclose-
to-topicstories.

4.2. Smoothing of the Topic Models

Our approachto the smoothingproblemhasfocused
on theuseof targeting, in whichwe takea largenum-
ber of languagemodelsbuilt from the background
material,find the mixture that bestapproximatesthe
sparsemodel,andusethismixtureasasmoothingdis-
tribution.

Specifically, given a sparsetopic unigrammodel���	��

�
built from the topic training data,anda setof

background models ������� �	� 
 � , wefind thebestmixture

� �	� 
 ����� �
� ����� � ����� ��� 
 ����� �

� ����� ��� �
suchthattheKullback-Leiblerdistancebetween

�����!
"�
and � ����
#� is minimized. This leadsto an implicit
equationfor the

� ����� :
� ����� ��� 
 ���	� 
 � � �����$������� �	� 
 �%'& � � & � � � & � ��� 
 � �

which is easilysolvedby iteration.
In earlierversionsof our systemwe targetedthe

topic unigrammodelagainstunigrammodelsderived
from clustersof storiesfrom thebackgrounddata(typ-
ically about100models).In this investigation,we tar-
getedagainsttheunigrammodelsassociatedwith the
individual backgroundstories(15–50,000models—
althoughfor reasonshaving to dowith thediscrimina-
tor, someof the backgroundstorieswerefiltered out
first; seeSection4.3). Our motivation is that a mix-
ture basedon documentscanselectbackgrounddata
morelike thetopic trainingdata,andthereforegener-
alize that datain a morerealisticway comparedto a
mixturebasedoncoarseclusters.

Oneproblemthatcanresultwhentargetingto in-
dividualstoriesis theassignmentof a largeproportion
of themixtureprobabilityto asmallnumberof stories,
yielding a mixture distribution which is itself sparse.
To measurethe sparsenessof the mixture (recall it is

a probability distribution built from a largenumberof
components,andso may not actuallycontainzeros),
weassignit a totalcount ( accordingto

( �*)�+-,/. � �
� �����10�24365 ������ �����87 �

where5 ����� is thetotalcountof backgroundstory 9 . (To
understandthis formula,considerthecasein whichall
backgroundstorieshave the sametotal count 5 . The
expressionfor ( thenreducesto

( � 5 ):+1, .8;<� �
� ����� 0�243 � ����� 7 �

or 5 timestheperplexity of themixtureweightdistri-
bution. Roughlyspeaking,this perplexity is thenum-
ber of stories over which the mixture is distributed,
so ( representsthenumberof counts over which it is
distributed.)Givena total count ( , themixturedistri-
bution is convertedto countsandsmoothed.

In our 1997systemwe smoothedthemixtureand
topic unigram models by absolutediscountingfol-
lowed by backoff to a smoothingdistribution. How-
ever, we have observed that in very sparsemodels,
absolutediscountingappearsto be insufficiently ag-
gressive at redistributing probability. For that reason
we switchedin the 1998 systemto linear discount-
ing (in which theamountdiscountedfrom eachcount
is proportionalto the count),with the lineardiscount
parameterdeterminedby requiringthat thesmoothed
distribution have a specifiedinternalperplexity, large
enoughto guaranteethat the smoothedmodelhasits
countsdistributedover a largenumberof words. Us-
ing this method,the targetedmixture model associ-
ated with eachtopic was smoothedwith the global
backgrounddistribution,andthetopicmodelwasthen
smoothedwith thesmoothedtargetedmixturemodel.

4.3. The Discriminator

The discriminatorfor Dragon’s previoussystemcon-
sistedof alargenumberof unigrammodelsderivedby
automaticallyclusteringthebackgroundmaterial.For
any given teststory, thebestscoringmodelfrom this
set is the onechosento compareto the topic model.
The advantageof sucha systemis that an off-topic
teststorywill tendto scorewell in at leastoneof the
clusters,allowing it to beeasilydistinguishedfrom the
trackedtopic.

What this systemdoesnot handleas well is the
caseof theoff-topic storythatsharesfeatureswith the
tracked topic. Consider, for example,theproblemof
distinguishinga storyona tobaccolawsuitbroughtby
anindividual,from a topicconcerningthenationalto-
baccosettlement.Unlessthereis abackgroundcluster
concernedwith tobaccolawsuits,thestorywill likely
geta goodtrackingscore.

To addressthis problem,thenew systemincludes
in the discriminatora model that is designedto be



“close” to the topic model without actually contain-
ing topic training data. It is expectedthat this model
will bethebestscoringof thediscriminatormodelsfor
on-topicandclose-to-topicstories.

The obvious candidatefor a “close” model is
the targetedmixture modelbuilt to smooththe topic
model. However, in order for the mixture model to
work properlyasa discriminator, it is crucial that the
backgroundfrom whichit is derivedbefreeof any on-
topic material. Therefore,beforedoing the targeting
describedin theprevioussection,webuild a rudimen-
tary tracker and“track” the backgroundstories. Any
storiesthatscoretoowell arepresumedto beontopic,
andarediscarded.(Onecouldusethesehigh-scoring
storiesto supplementthe topic training material,but
this wasnot donein this investigation.)Targetingis
thendoneonly againsttheremainingstories.

Although we arecareful to remove on-topicma-
terial from the backgroundbeforetargetingthe mix-
ture model, we do not remove it prior to producing
thebackgroundclustersfrom whichtheotherunigram
modelsin the discriminatorare derived (this would
haverequiredaclusteringrunin everytrackingexperi-
ment,whichis toocostly).Thismeansthatfor agiven
topic,oneor moreof theclustersmaybecontaminated
with on-topicdata.To correctfor this, thesetof clus-
ter modelsis filtered to remove any that the targeted
mixturemodelfails to outscoreby a certainthreshold
on thetopic trainingmaterial.

4.4. Other Techniques

The tracker includesa mechanismfor unsupervised
adaptationon incomingstoriesthat arehighly likely
to beon topic. If a storycomesin that scoreshigher
than a specifiedthreshold,this story is addedto the
setof topic trainingstories,andtheentirebuild proce-
dureis rerun.Thisincludesthepreliminarytrackingof
thebackgroundto removeon-topicmaterial,targeting
a new mixture modelto useasa smoothingdistribu-
tion andasadiscriminator, smoothingthetopicmodel
andthetargetedmixturemodel,andfiltering theback-
groundclustersto remove any that may be contami-
natedwith on-topicmaterial.Trackingthencontinues
on thenext availableteststory. Unsupervisedadapta-
tion hadasmallpositiveeffectonperformance.

5. THE 1998 TDT2 EVALUATION

5.1. Segmentation Results

The TDT2 Segmentationevaluation was conducted
on theautomaticallytranscribed(ASR) portionof the
TDT2 corpus, taken from the months of May and
June.Thiscollectioncomprised384shows,6,000sto-
ries,and2.2 million words. About 60%of theshows
are from CNN. The ASR output has certainbreaks
marked; thesetypically correspondto silence,music,

or speechwith a musicbackground,andwereusedto
identify possiblestorytransitiontimes.

All resultsarereportedusingthe =�>4?A@ metric for
measuringthe quality of a segmentation.The metric
takestheform=�>8?B@ �DC >8?B@�E CGF!HJIKI�LM�$� ; C >4?B@ � E CONQP$R I ?KS RTP$UWV
where

C�F�HJIXI
and

CONQP$R I ?KS RTP$UWV are computedwith a
window width of 50 words and

C >8?B@ is the a priori
probability of a segmentboundarybeing within the
window length.For theASRportionof theTDT2 cor-
pus,

C >4?B@ is 0.3, correspondingto an averagestory-
lengthof Y4Z\[8Z#] ^<_ �a` Y . So = >4?B@ � Z
] ^bE C F!HJIKI LZ#]Jc�E C NQP$R I ?KS RTP$UWV .

The Main Evaluation

Show
CGF!HJIKI CdN S =�>8?B@

ABC WNT 0.3454 0.0888 0.1658
CNN HDL 0.3094 0.1022 0.1644
PRI TWD 0.3056 0.0670 0.1386
VOA ENG 0.3333 0.0772 0.1540
VOA TDY 0.3210 0.0695 0.1449
VOA WRP 0.3448 0.0635 0.1479

Overall 0.3183 0.0835 0.1539

Table1: Official segmentationperformanceon ASR
databrokenoutby source.

Thereis a little variationacrosssource.Our algo-
rithm tendsto work beston materialwhich is mostly
content,with few seguesandfillers. Theredoesseem
to be a bias in the metric towards undergenerating
segments,which accountsfor the disparity between
missesandfalsealarms.Typically theoptimumnum-
ber of generatedsegments that minimizes =�>8?B@ is
somewherebetween65%and80%of thetruenumber
of segments.

Closed-Captioned and FDCH Transcripts

SourceCondition = >8?B@ = >4?B@ for ABC

ASR 0.1579 0.1723
ClosedCaptioned 0.1138 0.1356
FDCHTranscripts 0.1515

Table2: Overall andABC segmentationperformance
accordingto sourcecondition

Closed-captiontext is availablefor all thesources,
so thesetranscriptsweretestedon asa contrast.For
ABC, the manualFDCH transcriptswerealsoavail-
able,which gave a comparisonbetweenhumantran-
scriptionsandautomatictranscriptions.

Thesystemperformedbetterontheclosed-caption
andFDCH transcriptsthanon ASR text, which is not
toosurprisingconsideringtheopportunityfor theseg-
menterto bemisledby content-bearingrecognitioner-
rors in theASR.Thereappearsalsoto bea difference



betweenthe closed-captionandFDCH transcriptson
the onesourcefor which we have all three,with the
closed-captionresultsbetterbyabout10%.Thismight
be explained by the tendency of the closed-caption
transcriptionsto skipsegueandfiller material.

The Effect of the Miscellaneous Models
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Figure1: Varyingthemiscellaneousmodels.

The TDT ASR text containsadvertisementsand
sportsas well as news stories, and such non-news
itemsaremarkedas“miscellaneous”by theLDC. Up
to 10%of thedatafalls into this category. Thesesto-
ries arenot scoredin the TDT2 evaluation,but their
presencecould affect segmentboundaryplacements
closeby. Hencewedecidedto build anumberof “mis-
cellaneous”models,andaddtheseto thecollectionof
topic models. The miscellaneoustext wasautomati-
cally clusteredinto 10,20or 40 clusters,andunigram
languagemodelswerebuilt from theseclusters.

In Figure1, theeffectof themiscellaneousmodels
is shown astheswitchpenaltyis sweptout to view a
full graph. More modelsappearto offer an improve-
ment.

5.2. Tracking Results

1998 System vs. 1997 System

In our developmentsystem,eachtopic unigram
modelwastargetedagainstapproximately15,000back-
groundstoriesfrom theTDT2 January–Februarydata.
A stoplist of about100 commonwordswasapplied
before targeting. The targetedmixture model asso-
ciatedwith eachtopic wassmoothedwith the global
backgrounddistribution to an internal perplexity of
1500(determinedby tuning),andthetopicmodelwas
then smoothedwith the smoothedtargetedmixture
model,alsoto aninternalperplexity of 1500.Thedis-
criminatorconsistedof thetargetedmixturemodeland
100 automaticallyderivedclustersof thebackground
data. The developmenttest materialconsistsof the
TDT2 March–Aprildata.

Figure2 showsacomparisonof our1998and1997
systemsonthedevelopmenttestset,runningunderthe
defaultevaluationconditions:trackingwith four story
samples( � � �gf ) in newswire(NWT) andautomati-
cally recognizedbroadcast(ASR).Thedetection-error
tradeoff (DET) plotsaregeneratedby poolingtheout-
put of the tracker from the different topic runs and
sweepinga decisionthresholdthroughthestory rele-
vancescores.Thefactthatthe1998plot is mostlywell
insidethe1997plot indicatesthat the1998systemis
substantiallyimprovedover theold system.
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Figure2: 1998vs.1997TrackingResults

The Main Evaluation

Theevaluationsystemis identicalto thedevelop-
mentsystemexceptthat thebackgroundwastakento
betheapproximately48,000storiesthatcomprisethe
TDT2 January–Aprildata. The discriminator, once
again,consistedof thetargetedmixturemodeland100
automaticallyderivedclustersof thebackgrounddata.
TheevaluationtestdatacoverstheMay–Juneportion
of theTDT2 corpus.

Figure3 shows our performance,asa DET plot,
on theevaluationdataunderthedefault testcondition��� �hf

, along with a contrastat ��� �i�
. (This

is somewhat of an unfair comparison,as the system
parameterswere tunedfor performanceat � � �jf .)
Given a decision thresholdon the tracking scores,
the evaluation provides a single componentmetric,=bk UlPnmKo , for measuringsystemperformanceasa sin-
gle number(smallervaluesarebetter).For thedefault
condition,thevalueof =bk UWPnmKo was0.0079.

An Interpolated System

Dragonsubmittedtwo trackingsystemsfor evalu-
ation, the onedescribedhereandanotherbasedon a
Beta-Binomialmodel[5]. A third canbesimply cre-
atedby interpolatingtheoutputof thesetwo. Perfor-
mancewasfairly insensitive to the tuningof themix-
ture, which wasset to 50-50basedon resultson the
developmentdata.

The interpolatedsystemoutperformsboth of its
componentsat all valuesof the decisionthreshold.
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For the thresholdchosento minimize =bk UlPnmKo , which
yielded =bk UlPnmKop� Z
] ZQZ\c8q for the unigram tracker
and = k UWPnmWo � Z#] Z4Z1c � for the Beta-Binomialtracker,
the interpolatedtracker achieved the value = k UlPnmKo �Z#] Z4Z `Qr . (All thresholdswere tunedon the develop-
mentdata.)

5.3. Tracking on Automatically Segmented Data

Onegoal of the 1998evaluationwasto seewhat ef-
fectcertainkindsof errorsin theinputhaveonperfor-
mance.Figure4 presentstwo comparisons:first, our
official evaluationperformanceonnewswireandauto-
maticallyrecognizedbroadcastcomparedto automat-
ically recognizedbroadcastonly, andsecond,ourper-
formanceonautomaticallyrecognizedbroadcastcom-
paredto the samedatawith story boundariesdeter-
mined automaticallyby Dragon’s HMM segmenter.
(For all runs,unsupervisedadaptationwasdisabledin
orderto highlight differencesdueto variationsin the
input.)
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Figure4 shows thatthereis almostnodegradation
in performanceassociatedwith theautomaticallyrec-
ognizedmaterial,despitearecognitionworderrorrate

on theorderof 30%,whichis consistentwith otherin-
vestigations.On theotherhand,thereis a noticeable
lossof performancewhenstoryboundariesaredeter-
minedby machine,particularlyat low missrates.

Onecontributor to this lossof performanceis the
fact that the minimization of =!>4?B@ , as it is defined
for thesegmentationtask,leadsto segmentationswith
fewer thanthecorrectnumberof boundaries.In order
to investigatethe dependenceof the trackingtaskon
thequality of thesegmentation,a rangeof segmenta-
tions wasproduced,andthenusedasinput to a sim-
plified versionof the evaluationtracker. The ratio of
(numberof hypothesizedbundaries)to (numberof cor-
rectboundaries)variedfrom 0.6to 2.0.

The best tracking performance,as measuredby=bk UlPnmKo , appearsto occuratasegmentationratioof 1.0
or higher. (In fact, trackingperformanceis quite ro-
bustto thequalityof thesegmentation,aslongasthere
aremorehypothesizedboundariesthanactualbound-
aries.) However, the bestsegmentationperformance,
as measuredby = >4?A@ , occursat a ratio between0.6
and 0.8. Thus minimizing the segmentationmetric= >8?B@ leadsto segmentationswhich arenot good for
thefollow-on taskof tracking.
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